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1. Introduction
Landslides are one of the most devastating natural 
hazards in mountainous terrains. Although the action 
of	gravity	is	the	primary	driving	force	(Gorsevski	et	al.	




creases with long-term consequences and has been re-
ported	worldwide	(e.g.,	Sessions	et	al.	1987,	Duncan	et	
al.	1987,	Larsen	and	Parks	1997,	Allison	et	al.	2004).
When damaging landslides occur on forestlands, 
it	is	not	unusual	to	hear	appeals	for	a	broad	ban	on	
forestry	operations.	However,	such	a	ban	would	be	














terrain stability assessment in this area can cause sig-
nificant	slope	failures.	This	trend	is	expected	to	con-
tinue and may increase in the future; some estimates 
suggest	that	significant	portions	of	the	Caspian	Forest	
are	prone	to	mass	wasting,	and	forestry	operations	in	
this forest can accelerate landslide rates and magni-
tudes	(Jaafari	et	al.	2014).	Therefore,	understanding	of	
LS	is	needed	to	evaluate	forestry	strategies	including	
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Abstract
This study produces a slope failure susceptibility map for evaluation of the Caspian Forest for 
its capacity to support road construction and timber harvesting. Fifteen data layers were used 
as slope failure conditioning factors, and an inventory map of recent failures was used to detect 
the most susceptible areas. Five different datasets of conditioning factors were constructed to 
compare the efficiency of one over the other in susceptibility assessment. Slope failure suscep-
tibility maps were produced using an adaptive neuro-fuzzy interface system (ANFIS) and 
geographical information system (GIS). The accuracy of the maps was then evaluated by the 
area under curve (AUC). The validation results suggest that the ANFIS model with input 
conditioning factors of slope degree, slope aspect, altitude, and lithology performed the best 
(AUC=83.74%) among the various ANFIS models explored here. The five ANFIS models have 
performed reasonably well, and the maps allow development of prudent hazard mitigation 
plans for the safety in forestry operations.
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Rule 1: If x is A1 and y is B1 then f1 = p1x + q1y + r1 (1)























slides	has	been	 frequently	 reported.	These	 include	


























slope	 failure,	 help	 identify	where	monitoring	pro-
grams	are	necessary,	and	adopt	appropriate	policies	
to	guide	more	efficient	forestry	operations.



















ture	was	 22.5	 and	 10ºC,	 respectively	 (Jaafari	 et	 al.	
2015b).	The	vegetation	cover	is	quite	continuous	and	
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2.2 Spatial database














In	 recent	 years,	 103	 landslides	were	 detected	 and	
mapped	within	52	km2 to assemble a database to eval-
uate	the	spatial	distribution	of	slope	failures	in	the	
study	area	(Fig.	1).




landslides	 (Guzzetti	et	al.	1999).	 In	 this	 study,	 the	
Fig. 1 Location of study area with landslide inventory map
Fig. 2 General structure of ANFIS
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landslide	conditioning	factors	(LCFs)	were	selected	






tance to faults, distance to streams, normalized dif-
ference	 vegetation	 index	 (NDVI),	 forest	 canopy,	
forest	plant	community,	and	timber	volume	match	
very well with the landslide distribution in the study 
area.	The	calculation	and	significance	of	these	factors	
in	 landsliding	 has	 explicitly	 been	 presented	 in	
Pourghasemi	et	al.	(2013),	Jaafari	et	al.	(2014),	Jaafari	
Fig. 3 Geo-environmental parameter maps of the study area: slope degree, slope aspect, altitude, plan curvature, topographic wetness index, 
stream power index, sediment transport index, lithology, distances to faults, distances to streams, rainfall, normalized difference vegetation 
index, plant community, timber volume, and canopy
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ArcGIS.	 The	 rainfall	map	was	 prepared	 using	 the	
mean	annual	precipitation	data	from	the	meteorolog-




















parameter	 on	 the	 landslide	 assessments	 (Pradhan	
2013).	Table	1	shows	that	dataset_1	includes	a	maxi-
mum	number	of	LCFs,	and	 it	 continues	 to	narrow	
down	to	dataset_5.
The	idea	behind	this	kind	of	grouping	came	from	










change	 significantly	 over	 a	 short	 time	period	 (e.g.	
50	years)	are	very	easy	to	quantify	using	fairly	simple	
GIS	operations.	These	factors	were,	therefore,	consid-
ered for inclusion in all datasets. The inclusion of other 
factors	in	different	datasets	also	follows	this	instruction.
2.3 Training and validation dataset








































































Slope angle ü ü ü ü ü
Slope aspect ü ü ü ü ü
Altitude, m ü ü ü ü ü
Lithology ü ü ü ü ü
Rainfall, mm ü ü ü ü –
NDVI ü ü ü ü –
Plan curvature ü ü ü – –
TWI ü ü ü – –
SPI ü ü ü – –
STI ü ü ü – –
Distance to 
streams, m
ü ü – – –
Distance to 
faults, m
ü ü – – –
Forest 
canopy,%
ü – – – –
Timber volume, 
m3/ha
ü – – – –
Plant 
community
ü – – – –
A. Jaafari et al. Spatial Prediction of Slope Failures in Support of Forestry Operations Safety (107–118)
112 Croat. j. for. eng. 38(2017)1
slide	presence/absence	and	the	15	LCFs.	This	dataset	
was	 further	randomly	partitioned	 into	 two	subsets	
including:	training	and	checking	to	develop	the	ANFIS	





method of data division is recommended to control 
over	fitting	of	 the	models	 (Jang	et	al.	1997).	 In	 this	
study,	approximately	70%	(116	points)	of	the	extracted	





















Xi data that should be normalized
Xmax, Xmin	 	the	maximum	and	minimum	value	of	orig-
inal	data,	respectively
Xnorm normalized value of Xi.
2.4 Development the ANFIS models for the 






















available methods that have been widely used to gen-






























plot	shows	the	false-positive	rate	(FPR) on the X	axis	
(Eq.	4)	and	the	true-positive	rate	(TPR) on the Y	axis	
(Eq.	5).
 1 TNX FPR
TN FP
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indicates	perfect	prediction	and,	0.5	indicates	random	
predictions.	 Larger	ROC	value	 suggests	 better	 the	
compatibility	between	dependent	and	independent	
variables.	 The	 quantitative-qualitative	 relationship	
between	AUC	and	prediction	accuracy	can	be	classi-
fied	as	 follows:	0.9–1,	excellent;	0.8–0.9,	very	good;	
0.7–0.8,	 good;	 0.6–0.7,	moderate;	 and	 0.5–0.6,	 poor	
(Hosmer	et	al.	2013).
Fig. 4 Susceptibility map produced by: (a) model_1, (b) model_2, (c) mode_3, (d) model_4, (e) model_5
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Fig. 5 Prediction rate curves for the susceptibility maps produced 
in this study
Fig. 6 Success rate curves for the susceptibility maps produced in 
this study
Fig. 7 The landslide susceptibility classes delimited by the five 
ANFIS models









Normal road construction and timber harvesting will not 
significantly decrease terrain stability
II
Moderate likelihood of failures following road construction or 
timber harvesting
Minor failures expected in road cuts
III
High likelihood of failures following road construction or 
timber harvesting
IV
Very high likelihood of failures following road construction or 
timber harvesting
V
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capabilities,	with	 the	 best	 results	 of	 the	model_5	
(AUCsuccess rate=86.19%,	 AUCprediction	 rate=83.74%),	





















































areas. This is because there is no common guiding 
principle	for	selecting	LCFs	(Ayalew	et	al.	2005).	They	
are	usually	selected	based	on	the	landslide	types,	the	
failure	mechanisms,	 the	map	 scale	of	 analysis,	 the	
characteristics of the study area, and data availability 
(Glade	and	Crozier	2005).
























management	 purposes.	 Therefore,	 contractors	 in-
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to observe the changes and note when and how these 
changes	occur.	However,	given	that	a	monitoring	pro-
gram	within	a	mountain	forest	is	difficult	and	costly,	
the results of this study suggest that it be limited to the 
highly	susceptible	zones	identified	here.	Moreover,	
monitoring	programs	can	improve	the	confidence	in	
predictive	 ability	 of	 the	ANFIS	models	 developed	
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